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Abstract 
Assessing spatial variability and mapping of soil properties constitute important prerequisites for soil and crop management 
in agricultural areas.  To explore the relationship between soil spatial variability and land management, 256 samples were 
randomly collected at two depths (surface layer 0–20 cm and subsurface layer 20–40 cm) under different land use types 
and soil parent materials in Yujiang County, Jiangxi Province, a red soil region of China.  The pH, soil organic matter (SOM), 
total nitrogen (TN), cation exchange capacity (CEC), and base saturation (BS) of the soil samples were examined and 
mapped.  The results indicated that soils in Yujiang were acidified, with an average pH of 4.87 (4.03–6.46) in the surface 
layer and 4.99 (4.03–6.24) in the subsurface layer.  SOM and TN were significantly higher in the surface layer (27.6 and 
1.50 g kg–1, respectively) than in the subsurface layer (12.1 and 0.70 g kg–1, respectively), while both CEC and BS were 
low (9.0 and 8.0 cmol kg–1, 29 and 38% for surface and subsurface layers, respectively).  Paddy soil had higher pH (mean 
4.99) than upland and forest soils, while soil derived from river alluvial deposits (RAD) had higher pH (mean 5.05) than 
the other three parent materials in both layers.  Geostatistical analysis revealed that the best fit models were exponential 
for pH and TN, and spherical for BS in both layers, while spherical and Gaussian were the best fitted for SOM and CEC in 
the surface and subsurface layers.  Spatial dependency varied from weak to strong for the different soil properties in both 
soil layers.  The maps produced by selecting the best predictive variables showed that SOM, TN, and CEC had moderate 
levels in most parts of the study area.  This study highlights the importance of site-specific agricultural management and 
suggests guidelines for appropriate land management decisions.
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1. Introduction
Soil acidification (i.e., soil pH decline) is one of the most 
serious land degradation processes that is often triggered 
by unsustainable land management practices worldwide 
(Ulrich 1986).  Soil acidification has received considerable 
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attention for its profound influences on crop productivity, 
landscape management, and terrestrial ecosystem 
nutrient cycling (Guo et al. 2010; Zhu et al. 2018).  Soil 
acidification leads to nutrient loss, toxic metal enrichment, 
and potential environmental risk to the bulk soil and 
surrounding environment (Duan et al. 2004; Horswill et al. 
2008; Hao et al. 2018).  Soil pH, carbon (C), nitrogen (N), 
cation exchange capacity (CEC), and base saturation (BS) 
are key indexes for maintaining soil fertility, especially in 
acidic soils.  Declining soil pH limits the availability of soil 
nutrients, increases the toxicity of heavy metal elements 
and decreases underground microorganism activity, which 
disturbs the cycles of soil C and N (De Vries and Breeuwsma 
1987).  Soil nutrients (C and N) in turn, can help to enhance 
soil buffering capacity and the exchangeable base cations 
that have positive effects on relieving soil acidity (Fujii et al. 
2017).  Soil chemical elements, however, tend to have 
high spatial variability, especially in intensively managed 
agricultural soil (Bogunovic et al. 2014).  Thus, a better 
understanding of the spatial variability of these vital soil 
chemical properties in acidic soils is necessary for evaluating 
the current and potential soil productivity and identifying 
site-specific fertilizer management practices (Behera and 
Shukla 2015).  
The spatial variability of soil properties is usually 
influenced by land use types, topography, soil forming 
characters, soil depths, human activities, and time (Fu et al. 
2010; Liu et al. 2013; Zhang et al. 2014; Behera and Shukla 
2015; Zhang et al. 2015; Rosemary et al. 2017; Vasu et al. 
2017).  Most of these studies have mainly focused on soil 
macro-elements (e.g., C, N, P, and K) (Bogunovic et al. 
2014; Blanchet et al. 2017) and soil pH (Tang et al. 2017), 
while microelements and other soil parameters (e.g., Ca, 
Mg, K, Na, CEC, BS, and soil buffering capacity) have 
been largely neglected (Fu et al. 2010; Behera and Shukla 
2015).  Usually, soil pH shows strong spatial dependence 
due to structural factors, such as soil types and soil parent 
materials.  Soil nutrient spatial variations are usually 
determined by both intrinsic (e.g., soil forming factors) 
and extrinsic factors (e.g., fertilizer, irrigation, tillage, etc.), 
and they are also mediated by study scale and soil depth. 
Land use and field management were identified as two 
important factors for the spatial distribution of soil properties 
(Mayes et al. 2014; Ferreiro et al. 2016).  A more thorough 
understanding of the distribution of soil properties, under 
their independent influencing factors within soil layers, will 
contribute to better field management in agricultural areas 
(Bogunovic et al. 2017).  
Geostatistical analysis technology is widely used 
for evaluating the spatial variability of soil properties in 
agroecosystems (Bogunovic et al. 2014).  The interpretation 
of the spatial variability of soil properties is mainly conducted 
using semi-variogram analysis and kriging interpolation. 
Ordinary kriging (OK) is one of the most popular interpolation 
methods for predicting the spatial distribution of soil 
properties (Cambardella et al. 1994; Zhang et al. 2015; Yang 
et al. 2016; Tang et al. 2017), while it ignores the spatial 
structures and patterns of soil variables that are related to 
other environmental factors (Qu et al. 2012; Ferreiro et al. 
2016).  Studies have proven that land use types have a 
profound effect on the spatial distribution of soil nutrients 
at different scales (Liu et al. 2013; Ferreiro et al. 2016). 
Soil parent materials can also affect and control the spatial 
variation of soil acidity and soil fertility (Qu et al. 2012). 
Regression kriging (RK) can better explore the spatial 
patterns and distribution of soil properties and improved 
prediction performance accuracy has been shown in some 
studies (Hengl et al. 2004).  The proposed reasons for 
this include little or no relations between the predictors 
and the soil variables.  Therefore, a more accurate spatial 
distribution of soil variables, which considers the significant 
influencing factors, is very important for site-specific fertilizer 
management in agricultural regions (Liu et al. 2010).
Addressing the spatial variability of key soil properties 
by combining their significant influencing factors in red soil 
regions in southern China is important for designing site-
specific sustainable soil strategies and making appropriate 
crop management decisions (Sun et al. 2003; Liu et al. 
2010).  The objectives of this study were: (1) to investigate 
the differences in properties of soils under various land 
uses and soil parent materials at two soil depths; and (2) to 
explore the spatial variability of soil properties and produce 
spatial distribution maps.  
2. Materials and methods
2.1. Study area
This study was conducted in Yujiang County (28°04´–
28°37´N, 116°41´–117°09´E), Jiangxi Province, China, with 
a total area of 932 km2, and spanning 59.6 km from south 
to north and 28.6 km from east to west (SSOYC 1986; 
Fig. 1).  The study area has a subtropical monsoon climate 
with a mean annual temperature (MAT) of 17.8°C and mean 
annual precipitation (MAP) of 1 788 mm.  The topography 
is dominated by hills, which cover 78% in the northern and 
southern parts, and by plains which cover the remaining 
22% of the county.  Soil texture varies from silt to clay, and 
is dominated by clay earth.  The dominant soil types in this 
county are red soil (covering 64.67% of land area) (Acrisols; 
IUSS Working Group 2015) and paddy soil (covering 
85.5% of cultivated land with an area of 2.48×104 ha) 
(SSOYC 1986; Anthrosol; IUSS Working Group 2015).  The 
soil parent materials are dominated by Quaternary Red Clay 
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clay, Red Sandstone, River Alluvial Deposits, and Slate 
Shale (SSOYC 1986; Xu et al. 2016), which are abbreviated 
as QRC, RS, RAD, and SS, respectively, in this study.  
2.2. Soil sampling
Soil samples were collected at the beginning of January 
2016 after crop harvesting.  A total of 256 geo-referenced 
samples were chosen at two depths (0–20 and 20–40 cm, 
respectively) with a grid of 2.5 km×2.5 km designed in 
ArcGIS 10.0.  These depths were chosen because these 
layers are most influenced by plants and soil management 
practices, especially in acid soils.  The distribution of sample 
sites under different categories of land use and parent 
materials are shown in Fig. 1.  Specifically, there are 69, 
16, and 44 samples from paddy, upland, and forest under 
the two layers (paddy had 67 samples in the surface layer 
due to missing), respectively.  For QRC, RS, RAD, and 
SS, the numbers are 20, 59, 29, and 21 for two depths, 
respectively (RS had 57 samples in the surface layer due to 
missing).  Due to the randomness of soil sampling, numbers 
(proportions) of samples were as close as possible to the 
distribution areas of the different categories of land use and 
soil parent materials.  Soil samples were collected using a 
stainless soil auger, and three composite samples were 
mixed into a compound sample for homogeneity.  After 
air-drying at room temperature, a 1 kg of sub-sample was 
divided and sieved to 2 mm before removing the debris and 
plant material.  Then, samples were stored in a glass bottle 
for further analysis.
2.3. Laboratory analysis and soil nutrient indexes
All soil properties were tested using the national standard 
analysis methods.  Specifically, soil pH was determined 
using a soil:water ratio of 1:2.5 and a glass pH meter.  The 
SOM was estimated using the oil heating oxidation with 
potassium dichromate (K2Cr2O7-H2SO4) method (Page 
1965).  Soil total nitrogen (TN) was determined using the 
Kjeldahl method (Page 1965).  Cation exchange capacity 
(CEC) and base cations (here referring to exchangeable 
Ca2+, Mg2+ and K+) were extracted using the ammonium 
acetate method (NH4OAc at pH 7.0) and determined using 
an atomic absorption meter (for Ca2+ and Mg2+) (Jones 1998) 
and spectrophotometer (for K+) (Hanway and Heidel 1952). 
Base saturation (BS) was the percentage of the ratio of the 
sum of base cations to CEC in this study, according to the 
principles reported by IUSS Working Group (2015).  
Soil nutrient indexes used for soil pH, SOM, TN, and CEC 
were based on the Second National Standard Classification 
and regional guidelines (SSOYC 1986).  These indices 
could be regarded as the optimum values for fertilizer, 
manure, and lime applications.  These critical values were 























Fig. 1  The study site and sample locations in Yujiang, Jiangxi Province, China.  QRC, quaternary red clay; RAD, river alluvial 
deposits; RS, red sandstone; SS, slate shale; DEM, digital elevation model.
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was recommended for soils with a pH above 5.0.  This 
is because the soil buffering stage would change from a 
cation exchange system (at pH range 4.2–5.0) dominated 
by exchangeable cations to an iron-aluminum oxide buffer 
system (at pH lower than 4.2), including potentially toxic 
metal elements (e.g., Al3+, Mn2+, and Fe3+) (Bowman et al. 
2008), which is typical for highly weathered soil like the red 
soil in southern China.  In addition, moderate levels (classes 
3 and 4) of SOM and TN suggest suitability for sustainable 
soil fertility and crop production, so that low levels (classes 1 
and 2) of these two variables are used as recommendations 
for fertilizer application, whereas high-level (classes 5 and 6) 
areas suggest a need for maintenance and balance.  High 
levels (classes 5 and 6) of TN are concerning, suggesting a 
risk of nitrogen pollution of the deeper soil and surrounding 
water bodies.  
2.4. Geostatistical analysis
Geostatistical analysis was used to describe the spatial 
variation of each soil variable in this study, including 
semi-variogram estimator, fitting-model, interpolation and 
validation (Cambardella et al. 1994).  From the semi-
variogram and fitted model, three key parameters (nugget, 
nugget to sill ratio, and range) can be estimated as the inputs 
for kriging.  Detailed information on the geostatistical steps 
can be found in Fu et al. (2010).  Before this, predictive 
factors affecting soil variables were selected based on 
the results from single and multi-linear regression fitting 
models.  The criterion for selection was the minimum Akaike 
information criterion (AIC) value obtained from individual 
and combined influencing factors for each soil variable. 
Then, RK was employed to produce predictive maps for soil 
variables based on the results from the selected predictive 
factors.  Similar results from previous studies have proven 
that RK could improve the accuracy of spatial prediction 
compared with OK (Bogunovic et al. 2017).
2.5. Classical statistics
Descriptive analyses for each soil variable, including mean, 
median, minimum, maximum, standard deviation (SD), 
and coefficient of variation (CV) were calculated for the 
entire dataset (Table 1).  Normality was tested using the 
Shapiro–West (S–W) method with skewness and kurtosis 
values.  This is used because: 1) nonnormality of distribution 
with outliers has a profound influence on spatial variogram 
analysis (Armstrong and Boufassa 1988; Kerry and Oliver 
2007; Fu et al. 2010); and 2) conservational normality tests 
evaluated by P-value (P>0.05) typically do not produce 
satisfying results, and environmental data are commonly 
asymmetric (Fu et al. 2010; Bogunovic et al. 2014; Tang 
et al. 2017).  Thus, data transformation has been employed 
in many soil survey studies to obtain a near-normal 
distribution in the dataset (Fu et al. 2010; Tesfahnegn et al. 
2011; Bogunovic et al. 2017; Tang et al. 2017).  In this study, 
logarithmic (log) and Box-Cox transformation methods were 
employed due to their popularity and effectiveness (Fu et al. 
2010; Bogunovic et al. 2014, 2017).  A non-parametric test 
(e.g., Kruskal–Wallis test) was employed to investigate 
significant differences among land use types (considering 
the limited samples of upland and orchard, we combined 
them into one group named “upland”) and parent materials 
for the two depths due to the unequal number of samples 
between categories.  A correlation coefficient matrix was 
carried out among soil variables and topography parameters 
(elevation, slope, and aspect) that were extracted from 
the digital elevation model (DEM) with a resolution of 90 
m for Yujiang.  This digital picture was obtained from the 
Geospatial Data Cloud (http://www.gscloud.cn/).
All statistical analyses and plots were conducted in R 
Version 3.4.1 (R Core Team 2017).  Basic descriptions of 
soil variables were based on the describe function from the 
psych package (Revelle 2018).  The gstat (Pebesma 2004) 
and raster (Robert 2017) packages were used for spatial 
Table 1  Description of soil variables in layers of 0–20 and 20–40 cm in Yujiang, Jiangxi Province, China1) 
Variables n Mean SD Median    Minimum Maximum CV (%) Skewness Kurtosis S–W test
0–20 cm
pH 127 4.82 0.38 4.86 4.03 6.46 7.88 0.81 2.55 0.00
SOM 127 27.60 13.07 26.77 3.17 62.49 47.36 0.21 –0.68 0.56
TN 127 1.50 0.74 1.38 0.15 3.79 49.33 0.44 –0.30 0.01
CEC 127 9.01 2.52 8.72 3.08 17.01 27.97 0.58 0.75 0.02
BS 127 29.09 17.01 27.90 2.12 86.94 58.47 0.65 0.45 0.00
20–40 cm
pH 129 4.99 0.51 5.00 4.03 6.24 10.22 0.31 –0.63 0.04
SOM 129 12.11 6.01 10.96 1.52 36.02 49.63 1.50 3.25 <0.00001
TN 129 0.70 0.35 0.64 0.13 2.10 50.00 1.05 1.71 <0.00001
CEC 129 8.00 2.58 7.68 2.88 16.42 32.25 0.88 0.67 <0.00001
BS 129 37.82 26.51 34.40 2.28 100 70.10 0.53 –0.73 <0.00001
1) SD, standard deviation; CV, coefficient of variation; S–W test, Shapiro–Wilk test.
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analysis, including variogram estimator and validation. 
Distribution maps of soil variables were carried out in ArcGIS 
10.0 Software (Environmental Systems Research Institute, 
Redlands, CA).
3. Results and discussion
3.1. Descriptive statistics
The mean, median, minimum, maximum, SD, CV, and 
normality distribution test of soil properties in this study 
are presented in Table 1.  The Shapiro-Wilk test indicated 
that none of the soil variables in the topsoil layer and 
subsurface layer fit a normal distribution, except for SOM 
in the surface layer.  A highly skewed dataset has been 
proved to negatively affect spatial structure (Kerry and Oliver 
2007), whereas data transformation methods of logarithmic 
(log) and Box-Cox were typically employed to improve the 
normality of the data (Fu et al. 2010; Bogunovic et al. 2014, 
2017).  In this study, data in the surface layer followed a 
Gaussian distribution after Box-Cox transformation, except 
for soil pH, while data in the subsurface layer fitted a normal 
distribution after log transformation, except for BS (Appendix 
A).  Finally, soil pH, SOM, TN (Box-Cox), CEC (Box-Cox), 
and BS (Box-Cox) in the surface layer, and soil pH (log), 
SOM (log), TN (log), CEC (log) and BS with transformed data 
set in the subsurface layer were used for further analysis.
According to the criterion reported by Wilding et al. 
(1985), soil heterogeneity is weak with a CV value lower 
than 15%, moderate when between 15 and 35%, and 
strong when above 35%.  In this study, soil pH showed 
weak variation (7.8% in the 0–20 cm layer and 10.2% in the 
20–40 cm layer), while CEC was moderate and SOM, TN, 
and BS were strong in both soil layers (Table 1).  Similar 
results have been reported for soil pH ranging from 3.4 to 
14.5% around the world (Fu et al. 2010; Tesfahunegn et al. 
2011; Behera and Shukla 2015; Li et al. 2019).  The high 
variation of SOM in this study was consistent with that in 
other agricultural areas in Croatia (Bogunovic et al. 2017) 
and Sri Lanka (Rosemary et al. 2017), with values of 51.9 
and 37%, respectively.  Denton et al. (2017) reported a CV 
value of 21.19% for CEC in the 0–20 cm layer and 21.17% 
in the 20–40 cm layer in Nigeria, whereas a high variation 
(44%) for CEC was noted in Sri Lanka.  These results might 
be explained by long-term interactions between soil forming 
factors and soil management practices.  
Soil pH had an average value of 4.82 in the 0–20 cm 
layer and 4.99 in the 20–40 cm layer, indicating the severe 
acidity in this study.  The minimum soil pH was 4.03, which 
was considered unsuitable for most croplands, especially 
for rice in southern China (Cai et al. 2015).  The average 
concentrations of SOM and TN were significantly higher in 
the surface soil layer (27.6 and 1.50 g kg–1 for SOM and TN, 
respectively) than those in the subsurface layer (12.1 and 
0.70 g kg–1 for SOM and TN, respectively), implying fertilizer 
management and traditional filed practices may have had 
greater impacts on the plow layer in this study.  This could 
be accounted for in several ways.  First, traditional soil 
management practices (e.g., fertilizer, irrigation, tillage, and 
plantation) usually occurred in the layer of 0–20 cm, and this 
was benefit for the accumulation of soil nutrients, such as 
carbon and nitrogen (Gelaw et al. 2014).  In addition, soil 
microbial activity and biomass are usually more intense in 
upper layer than in deep layer in agricultural and natural 
ecosystems (Liu et al. 2010; Zhang et al. 2014).  
CEC and BS are indexes related to soil buffering capacity 
and concentrations of soil exchangeable base cations 
when soil is suffering from inputs of acidic and/or alkaline 
substances.  In this study, the concentrations of CEC in 
the two soil layers were 9.0 and 8.0 cmol kg–1, respectively, 
while BS values were 29 and 38%, respectively.  The low 
concentrations of CEC in study area were probably related to 
the low soil acidity, and this probably results from the natural 
highly weathered soil type and acidic soil parent material, 
where basic cations could leach from bulk soil (Nsor and 
Ibanga 2009; Gruba and Socha 2016).  Besides, the 
imbalance of elements involved in crop management could 
also contribute to this result (Duan et al. 2004).  Evidence 
suggests that crop harvesting (base cation removal) could 
make a considerable contribution to soil acidification in 
agricultural systems (Guo et al. 2010; Song et al. 2017; 
Hao et al. 2018).
3.2. Correlation between soil variables and 
topography parameters
The correlation coefficient matrix plots are shown in Fig. 2. 
Elevation was negatively correlated with soil pH and BS 
in both soil layers, while no correlations were observed 
between the studied variables and slope or aspect (Fig. 2-A 
and B).  SOM and TN had a good positive relationship 
for both soil layers.  Additionally, significantly negative 
relationships were observed between soil pH and CEC, BS 
and CEC, respectively (Fig. 2), which might be associated 
with the components of CEC and their corresponding 
proportions.  For the severely acidic soil in this study, 
exchangeable Al3+ was a major part of CEC regardless 
of land use and parent materials, whereas exchangeable 
Ca2+ has a lower percentage with 26% (Appendix B).  No 
significant relationship was observed between topographic 
parameters and SOM, TN in this study, which was 
inconsistent with results reported from a bamboo plantation 
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system by Guan et al. (2017) and Tang et al. (2017), who 
reported a remarkably positive relation between elevation 
and C and N.  These differences may result from different 
fertilization practices between agricultural and natural 
ecosystems.    
3.3. Land use, parent materials, and their interactions 
Overall, soil properties in this study showed different trends 
under various land use types and soil parent materials, as 
well as their interactions and soil layers (Figs. 3–5).  First, 
soil pH and BS in the surface layer were significantly lower 
than those in the subsurface layer (P=0.004 and 0.03, 
respectively), while SOM, TN, and CEC showed significantly 
higher values in surface layer (P<0.001 for all) (Fig. 3).  For 
different land use types, soil pH in paddy was markedly 
higher than that in forest and upland in both soil layers, 
as were SOM, TN, BS (P<0.001 for all in both layers), 
while CEC was the lowest in paddy regardless of soil layer 
(P<0.001 for both layers).
The effect of soil parent materials on soil properties under 
the two studied layers is shown in Fig. 4.  For the topsoil 
layer, soil pH, SOM, TN, and BS in RAD were significantly 
higher than those in QRC, RS, and SS, while CEC in RAD 
was the lowest.  For the subsurface layer, soil pH and BS in 
RAD were the highest while SOM and TN were the highest 
in SS.  There was no significant difference in CEC among 
parent materials under both soil layers in this study.  Lastly, 
non-parametric statistical analysis indicated significant 
differences for all soil variables among groups under both 
soil layers (P<0.05) in this study (Fig. 5).
3.4. Geostatistical analysis
An appropriate spatial variogram model and kriging 
technique are not only important for spatial prediction of 
soil variables, but also for identifying hot-spots appropriate 
for site-specific fertilizer management (Fu et al. 2010; 
Bogunovic et al. 2014, 2017).  For the 0–20 cm layer, land 
use was the best selected for predicting soil pH, CEC, 
and BS, while the combination of land use and elevation 
was the best for SOM and TN in this study (Appendix C). 
For the 20–40 cm layer, the best predictor for soil pH and 
CEC was land use, while the combination of land use and 
parent material was the best predictor for TN and BS.  The 
combination of land use, parent material, and elevation 
was the best for SOM in the subsurface layer in this study 
(Appendix C).  The impacts of land use on spatial distribution 
for soil variables were also verified by previous studies (Liu 
et al. 2013; Ferreiro et al. 2016), as well as topographical 
parameters (Liu et al. 2010; Tang et al. 2017), and soil 
forming factors (Qu et al. 2012; Ferreiro et al. 2016).
An exponential model (variogram) performed the best 
for soil pH and TN in both soil layers, while spherical was 
selected for BS in the two soil layers (Table 2).  SOM and 
CEC were the best fitted with spherical in the 0–20 cm 
layer and Gaussian in the 20–40 cm layer.  Mousavifard 
et al. (2013) reported Gaussian was the best for soil pH 
while spherical was reported by Denton et al. (2017), Fu 
et al. (2010), Li et al. (2019) and Rosemary et al. (2017). 
Guan et al. (2017) reported a similar result for nitrogen 






























































Fig. 2  Heatmap of the Pearson correlation coefficients among soil variables (pH, SOM, TN, CEC, and BS) and topography 
parameters (elevation, slope, and aspect) at 0–20 cm (A) and 20–40 cm (B) in Yujiang, Jiangxi Province , China.   Ele, elevation; 
Asp, aspect; Slo, slope; SOM, soil organic matter; TN, total nitrogen; CEC, cation exchange capacity; BS, base saturation.  * and 
*** mean significant difference between participating variables at P<0.05 and P<0.001, respectively. 
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Fig. 3  The effect of land use types on soil variables in the 0–20 and 20–40 cm layers in Yujiang, Jiangxi Province, China.  SOM, 
soil organic matter; TN, total nitrogen; CEC, cation exchange capacity; BS, base saturation.  The points and lines in the box indicate 
the average and median values of the content of soil variables, respectively.  Outliers (over 95% and below 5%) of each group 
dataset are shown outside of the box with solid points.
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Fig. 4  The effect of parent materials on soil variables in the 0–20 and 20–40 cm layers in Yujiang, Jiangxi Province, China.  SOM, 
soil organic matter; TN, total nitrogen; CEC, cation exchange capacity; BS, base saturation; QRC, quaternary red clay; RAD, river 
alluvial deposits; RS, red sandstone; SS, slate shale.  The points and lines in the box indicate the average and median values of 
the contents of soil variables, respectively.  Outliers (over 95% and below 5%) of each group dataset are indicated with solid points.
found Gaussian to be the best.  Different best-fitted models 
proposed in previous studies reflect the complexity and 
variability of spatial structures of soil variables over different 
regions (Bogunovic et al. 2014; Ferreiro et al. 2016; Tang 
et al. 2017).
According to the ratio of nugget to sill, the spatial 
dependence was strong for CEC in the 0–20 cm layer and 
SOM and BS in the 20–40 cm layer; moderate for soil pH, 
SOM, and BS in the 0–20 cm, and TN in both layers; and 
weak for soil pH and CEC in the 20–40 cm layer (Table 2). 





























































































































































































































































































































































































































































Fig. 5  The effect of group (combined land use types and soil parent materials, e.g., QRCforest means the forest land use type 
derived from QRC) on soil variables in the 0–20 cm (left) and 20–40 cm (right) layers in Yujiang, Jiangxi Province, China.  QRC, 
quaternary red clay; RAD, river alluvial deposits; SOM, soil organic matter; TN, total nitrogen; CEC, cation exchange capacity; 
BS, base saturation.  The points and lines in the box indicate the average and median values of the contents of soil variables, 
respectively.  Outliers (over 95% and below 5%) of each group dataset are indicated with solid points.  The size of each box-plots 
is proportional to the number of samples in each group.
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Besides, the small nugget values (from 0.00 to 5.89) for 
pH, SOM, TN, and CEC indicated sampling errors are likely 
to be negligible.  BS had a large nugget value of 56 in the 
20–40 cm layer possibly because of the calculation function 
of BS.  These results may suggest the representative nature 
of sample numbers in the study area and small variance 
among samples.
Ranges of soil pH, SOM, TN, CEC, and BS were 48, 
2.2, 10, 4.9 and 2.4 km in the surface layer, respectively, 
and 3.9, 1.2, 2.3, 7.7 and 3.0 km in the subsurface layer, 
respectively (Table 2).  Following the principle that sampling 
should be less than half of the ranges resulting from the 
semi-variogram (Kerry and Oliver 2007), sampling intervals 
for soil pH, TN, CEC, and BS in this study were suitable. 
For SOM, however, the proposed sampling distance should 
be at least 1.1 km and 625 m in the two layers, which was 
also suggested by Bogunovic et al. (2014) (with 864 m in 
a sandy-loam soil) and Behera and Shukla (2015) (with 
323 m in an acidic soil).  Though the current soil sampling 
strategy in Yujiang is suggested to satisfy the criterion 
from geostatistical theory, various sampling intervals 
should be considered based on independent soil variables 
and research aims.  For example, small values of RMSE 
(0–4.52) and SE (0–0.008) indicated good performance of 
interpolation for all soil variables in this study (Table 2).  A 
large value of RMSE for BS (26.5%) in the 20–40 cm layer, 
suggested that comparisons of different kriging technologies 
(e.g., Cokriging, RK, and Inverse Distance Weighting (IDW) 
method) (Liu et al. 2010; Bogunovic et al. 2014; Tang et al. 
2017) might help to arrive at a better conclusion.  
3.5. Spatial distribution maps for site-specific 
fertilizer management
To facilitate the interpretation of the spatial distributions 
of soil variables, back-transformed datasets were used 
to generate interpolation and prediction maps (Fig. 6).  In 
general, soil acidity was severe in both layers throughout 
the whole county (Fig. 6-A and F).  This could be explained 
by the interactions of natural factors (e.g., high MAP and 
MAT) and human-induced impacts (e.g., fertilization, acid 
deposition, and crop removal) in this region.  For example, 
soil acidification in similar regions in southern China 
was widely proven to be attributed to excessive fertilizer 
application and the growing intensity of acid-rain (Guo et al. 
2018) while Wang et al. (2018) also found a dominant role 
of fertilization for acidification in cropland by means of an 
artificial intelligence approach.  The contribution of crop 
removal was also suggested as a profound cause of soil 
acidification in cropland systems in China (Hao et al. 2018). 
Soil pH, to some extent, was a foundation of soil properties, 
especially for agriculture cropland, so a balanced field 
management practice and varied fertilization regime could 
stabilize soil physical and chemical properties, a strategy 
which was advanced to decentralized decision making and 
farm management (Guo et al. 2010).  
The concentrations of SOM and TN were moderate 
to high in most regions (Fig. 6-B, C, G and H), indicating 
favorable accumulation of carbon and nitrogen.  CEC and 
BS both had low values in the plow layer (Fig. 6-D and E). 
The low concentration of CEC in this study was mostly 
attributed to the leaching processes associated with this 
highly weathered soil type.  Thus, the dominant base 
cations (Ca2+, Mg2+, and K+) were likely to be leached from 
the top layer into the deeper layers, where consequences 
of base cation leaching might lead to reduction of CEC 
and replacement of Ca2+ by Al3+ simultaneously.  A higher 
concentration of exchangeable Al3+ has potential risk for soil 
and plant function.  Increasing pH and CEC was beneficial 
to strengthen soil buffering capacity which has advantage 
Table 2  Semi-variogram and fitted models for transformed soil variables in the 0–20 and 20–40 cm layers in Yujiang, Jiangxi 
Province, China1)
Variable2) Model C0 C+C0 C0/(C+C0) Range Residue Spatial class RMSE ME
0–20 cm
pH Exponential 0.0000 0.0000 66.30 48 759 7.29e–17 Moderate 0.009 0.000
SOM Spherical 5.8900 9.0100 65.37 2 197 5.47e–05 Moderate 4.520 0.007
TN Exponential 0.1108 0.2006 55.23 10 823 1.29e–08 Moderate 0.635 0.000
CEC Spherical 0.0303 0.6046 5.01 4 951 1.12e–07 Strong 0.710 0.008
BS Spherical 3.4927 4.8881 71.45 2 401 1.36e–05 Moderate 3.556 –0.001
20–40 cm
pH Exponential 0.0024 0.0030 79.95 3 878 3.36e–12 Weak 0.016 0.000
SOM Gaussian 0.0000 0.1746 0.00 1 255 1.31e–08 Strong 0.479 0.002
TN Exponential 0.0904 0.1807 50.04 2 351 5.42e–09 Moderate 0.481 0.001
CEC Gaussian 0.0800 0.0873 91.65 7 692 1.09e–08 Weak 0.316 0.000
BS Spherical 56.0350 289.9850 19.32 3 013 4.19e–02 Strong 26.500 0.005
1) C0, nugget; C+C0, sill; C0/(C+C0), the ratio of the nugget to the sill; RMSE, root mean square error; ME, mean error.
2) SOM, soil organic matter; TN, total nitrogen; CEC, cation exchange capacity; BS, base saturation. 
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Fig. 6  Spatial distribution maps for soil variables in the 0–20 cm 
(A–E) and 20–40 cm (F–J) layers in Yujiang, Jiangxi Province, 
China.  SOM, soil organic matter; TN, total nitrogen; CEC, cation 
exchange capacity; BS, base saturation.  Soil variables were 
back-transformed for interpolation to facilitate interpretation.
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for mitigating the toxicity risk caused by exchangeable 
Al3+ (Duan et al. 2004).  In line with the higher acidity (low 
soil pH), CEC was low (class 2) across most areas of 
the county (Fig. 6-D and I).  Several hotspots of low and 
moderate concentration of CEC were identified in the surface 
layer, which might be due to individual field management 
practices.  BS was also low overall, and 92.4% samples 
had a BS lower than 40% (Fig. 6-E).  These results were 
closely related to agricultural management, where human 
agricultural activity of applying a single chemical fertilizer 
might cause irreversible soil acidification by changing 
the composition and distribution of soil mineral materials 
(Mcgahan et al. 2003; Matocha et al. 2016), worsening soil 
bulk structure, and damaging the belowground biological 
organisms (Ramirez et al. 2010; Chen et al. 2013), which 
could increase the high risks of food production and food 
security around the world.  
These results clearly revealed the status of soil fertility and 
the capacity of exchangeable substances, which put forward 
a big challenge for sustaining agricultural management in 
the highly weathered soils in southern China.
4. Conclusion
In this study, soil acidity in Yujiang was severely acidic at two 
depths (0–20 and 20–40 cm).  The concentrations of SOM 
and TN were higher in the surface than in the subsurface 
layer, respectively.  CEC and BS were both low in the two 
depths.  Soil pH, SOM, TN, and BS were higher in paddy soil 
than in upland and forest soils in both layers, in contrast to 
CEC, which was lower in paddy soil.  Soil derived from RAD 
had higher soil pH, SOM, TN, and BS than the other three 
soil parent materials, except for CEC.  All the measured soil 
properties showed weak to strong variability in their spatial 
distribution patterns.  For the purpose of site-specific fertilizer 
management, it was imperative to focus on the improvement 
of soil acidity by appropriate soil management practices, for 
instance, by liming or adding manure.
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